Optical coherence tomography (OCT) is an imaging modality capable of acquiring cross-sectional images of tissue using back-reflected light. Conventional OCT images have a resolution of 10-15 µm, and are thus best suited for visualizing tissue layers and structures. OCT images of collagen (with and without endothelial cells) have no resolvable features and may appear to simply show an exponential decrease in intensity with depth. However, examination of these images reveals that they display a characteristic repetitive structure due to speckle.The purpose of this study is to evaluate the application of statistical and spectral texture analysis techniques for differentiating living and non-living tissue phantoms containing various sizes and distributions of scatterers based on speckle content in OCT images. Statistically significant differences between texture parameters and excellent classification rates were obtained when comparing various endothelial cell concentrations ranging from 0 cells/ml to 25 million cells/ml. Statistically significant results and excellent classification rates were also obtained using various sizes of microspheres with concentrations ranging from 0 microspheres/ml to 500 million microspheres/ml. This study has shown that texture analysis of OCT images may be capable of differentiating tissue phantoms containing various sizes and distributions of scatterers.
Introduction

Optical coherence tomography
Optical coherence tomography (OCT) is an optical imaging modality that acquires crosssectional images using near-infrared light backscattered from tissue (Huang et al 1991 , Schmitt 1999 . Standard resolution OCT systems have a typical axial resolution of 10-15 µm, and are therefore not suited for visualizing sub-cellular structures. Even in ultra-high resolution (2-5 µm) OCT systems, phase distortions in turbid media can limit resolution at depths greater than a few hundred microns. Therefore, identification of tissue type and pathology with OCT images is generally based upon visualization of layers and multi-cellular structures within the sample.
Speckle in OCT images
The optical phenomenon known as speckle is well known and characterized for optically rough surfaces illuminated with coherent light. Recently, speckle in OCT images was studied by Schmitt et al (1999) . His paper defines two types of speckle that appear in OCT images. The first is due to interference from multiply scattered photons. This type of 'chance' speckle is typically a single pixel wide, random, and can therefore be reduced by averaging. The second type of speckle results from interference of the wavefronts from multiple scatterers within the OCT focal volume and is typically much larger. This 'inherent' larger speckle is constant from image to image at a given location. Speckle is often considered to be a source of noise due to its apparent degradation of image quality and visibility of boundaries. Several methods to reduce speckle in OCT images through hardware modifications and digital image post-processing have been published (Bashkansky and Reintjes 2000 , Iftimia et al 2003 , Rogowska et al 2003 . Results from one such hardware method, known as angular compounding, can substantially increase image SNR and improve boundary detection by reducing speckle (Bashkansky and Reintjes 2000, Iftimia et al 2003) . Adaptive filtering techniques have also been shown to be useful for enhancing layer boundaries in cartilage by reducing the effects of speckle (Rogowska et al 2003) . However, since 'inherent' speckle in OCT images is dependent upon the distribution of scatterers within the sample the speckle pattern should differ between tissue types that have different scatterer distributions. Therefore, the possibility exists that speckle may provide a unique signature indicative of tissue type and disease state.
Texture analysis
Texture in OCT images is a result of spatial deviations in intensity. If intensity values are viewed as elevations, then texture can be seen as a description of surface roughness (Oberholzer et al 1996) . Texture analysis has been explored for many imaging modalities such as ultrasound, MRI, CT, fluorescence microscopy and light microscopy, and used to assess images from a variety of tissue types such as eyes (Thijssen et al 1991 , Ursell et al 1998 , prostate (Basset et al 1993) , colon tissue (Atlamazoglou et al 2001) and chromatin in advanced prostate cancer tissue (Yogesan et al 1996) . OCT offers a combination of minimally-invasive imaging, micron scale resolution and millimetre depth of penetration unique among imaging modalities. Texture analysis of speckle could extend OCT's sensitivity to sub-resolution changes in tissue. Our previous work has demonstrated the feasibility of using texture analysis of speckle in OCT images for tissue classification (Gossage et al 2003) . Excellent classification results were obtained during binary comparison of different tissue types (e.g. 97.9% correct classification of mouse skin versus mouse fat) and good classification results were seen during comparison of normal and diseased tissue, even though the images showed no visible structure beyond the speckle pattern (76.3% correct classification of normal versus diseased mouse lung tissue). Texture analysis has the potential to assist in minimally-invasive detection and diagnosis of diseases such as skin, oral and cervical cancer. This technique draws information from changes in backscattered light that result from variation in size and concentration of scatterers in tissues, therefore having the potential to identify early stage disease prior to tissue architecture changes.
Based upon these encouraging initial results, a more comprehensive study was undertaken using well-controlled tissue phantoms. In this paper, we present the results of texture analysis of speckle in OCT images of living and non-living phantoms. We hypothesized that texture analysis feature values and correct classification rates would vary in a regular fashion with changes in the number and size of scatters in the phantoms.
Materials and methods
Two types of tissue phantoms were prepared and imaged in this study. The first consisted of various sizes and concentrations of silica microspheres suspended in gelatin. The second contained bovine aorta endothelial cells (BAEC) in gelled collagen.
Gelatin/microsphere tissue phantoms
Three different sizes of microspheres were used: 0.49 µm, 1.59 µm and 3.01 µm. These sizes were chosen because they approximated the size range of cell nuclei and mitochondria, and were well below the resolution of our OCT system. Silica microspheres were used because their index of refraction (1.37) was similar to that of the cell nuclei. Each gelatin phantom contained one of four concentrations (2.5, 25, 100, or 500 million/ml) of a single microsphere size. Plain gelatin was also imaged, for a total of 13 different gelatin phantoms.
The gelatin solution was made by mixing a 7.4 g packet of unflavoured gelatin with 290 ml of boiling water. An additional 65 ml of cold water was added to the solution once the gelatin had completely dissolved. The gelatin solution was allowed to cool to room temperature (but not set) before the microspheres were added and the mixture gently stirred. The mixture was pipetted into a standard 48 well plate to a thickness of 4-5 mm. Three to four gels were made for each gelatin phantom type. The gels were covered with paraffin film, refrigerated for 40 min, then immediately removed and imaged. The index of refraction of gelatin was measured using OCT, by dividing the measured optical pathlength of a calibrated cuvette filled with gelatin by the known 1 mm physical pathlength. The attenuation coefficient (µ t ) of plain gelatin and gelatin/microsphere samples was estimated by measuring the signal obtained from a reflector at a known depth in the sample, relative to the signal measured using a distilled water sample, and computed by Mie theory using the known size and index of refraction of microspheres and index of refraction of gelatin (assuming no attenuation in the gelatin).
Collagen/BAEC tissue phantoms
A 3.5 mg ml −1 collagen I solution was obtained by combining three parts purified rat-tail collagen I (4.7 mg ml −1 ; BD Biosciences, Bedford, MA) with one part 4X Dulbecco's Modified Eagle's Medium. The solution was then brought to a pH of 7.0-7.4 by the addition of 1 M NaOH. Primary isolate bovine aortic endothelial cells (BAEC) passage 2-7 were added in concentrations of 2.5 or 25 million BAEC/ml collagen I. Including plain collagen, three different types of collagen phantoms were created. Individual gels (20 of each type) were created by pipetting the collagen/BAEC mixture into standard 48 well plates. The well plate was then transferred to a 37
• C incubator with 5% CO 2 . After 15 min, the constructs were bathed in warm cell culture media. The collagen gels remained in the incubator until immediately before use. The concentration of BAEC were limited to 25 million because with higher concentrations the cells assume a hyper-plastic behaviour and may not lengthen or proliferate as expected in vivo.
OCT system
The OCT system used in this study was similar to one described previously (Gossage et al 2003 , Izatt et al 1997 . The system was based on a single mode fibre-based Michelson interferometer and used a super luminescent diode light source with a 1300 nm centre wavelength, 60 nm bandwidth and a power of 800 µW (Superlum, Moscow, Russia). Light was carried to the sample arm by a 9 µm core (SMF-28) fibre, collimated into a beam with an 8.1 mm diameter and focused onto the sample with a 50 mm focal length lens. This gave the system an approximate numerical aperture of 0.081. Light was also carried to the reference arm through the same type of fibre. The reference arm optical pathlength was modulated using a galvo-mounted retroreflecting mirror. The reflected signal from the two arms combined and was detected by a single element InGaAs detector (New Focus, San Jose, CA), coherently demodulated, and digitized by a 12-bit data acquisition (DAQ) board. The axial and lateral resolutions of the system in air were 15 and 14 µm, respectively. The integration time of the system was 0.14 ms/pixel and the noise floor of the system was measured to be-106 dB.
Imaging of the gels
All OCT images were 1 mm in optical depth by 1 mm in lateral extent and contained 512 × 512 pixels. Ten images were taken from each gel. 2 × 2 blocks of pixels were averaged to create images consisting of 256 × 256 pixels to reduce random detector noise and single pixel speckle. The pixel size was thus 4 µm square, well below the resolution of the OCT system. The top of the image was positioned just beneath the air-gel interface. The interface was avoided because the strong signal from this large index of refraction mismatch would dominate the signals of interest within the phantoms. All system settings (e.g. gain) remained fixed during the entire imaging experiment. Image intensity values were scaled to an 8-bit grey-level image and the scaled image was further processed to enhance speckle contrast and reduce the effects of system signal strength variations through a grey-scale transformation common to texture analysis studies known as histogram equalization. Ten 64 × 64 pixel 'regions' were selected from each image. The evenly overlapping regions covered the entire 1 mm lateral extent of the images (256 pixels), but only the depths between 0.25 mm and 0.5 mm (64 pixels) which surrounded the focal depth. The regions were analysed using the texture analysis described in the following section. Table 1 summarizes the gel types, number of gels, number of images and number of regions analysed in this study.
Texture analysis
Two types of texture analysis features were extracted from OCT images of the tissue phantoms. The first type was obtained from spatial grey-level dependency matrices (SGLDMs), also called co-occurrence matrices (Basset et al 1993 , Atlamazoglou et al 2001 , Yogesan et al 1996 . A SGLDM is a spatial histogram of an image that quantifies the distribution of grey-scale values. SGLDMs were computed from the estimation of the second-order joint conditional probability density functions, s θ (i, j |d, θ) (Rogowska et al 2003) . Each s θ (i, j |d, θ) was the probability of a pixel with a grey-level value (i) being (d) pixels away from a pixel of grey-level value (j) in the (θ ) direction. If the image contained Ng grey levels, then an Ng × Ng matrix, s θ (i, j |d, θ), was created for each direction (θ ) for a given distance (d). In this study, the • , but distance was fixed at 1 pixel, so four SGLDMs were computed for each region. Five textural features were then calculated from each SGLDM including energy, entropy, correlation, local homogeneity and inertia (also called contrast), giving a total of 20 SGLDM features for each region. The SGLDM features for a particular angle are calculated as follows:
where sθ(i, j |d) is the (i, j)th element of the SGLDM for distance d, L is the number of grey levels in the image, and where
The five features are different means of quantifying, in a single number, (i, j |d, θ) values that represent image pixels with large intensity differences being in close proximity, i.e. regions of high contrast. The second category of features was derived from the magnitude of the complex twodimensional Fourier transform of the region. The 2D FFT of the tissue image was calculated and the magnitude data stored in a matrix where the dc frequency component was represented by the origin of the axis in the frequency domain. The 2D FFT was then divided into four concentric square rings based on frequency (with the outermost ring representing the highest spatial frequency content), see figure 1. The magnitudes of the spatial frequencies in each ring were integrated and normalized to the total signal magnitude, such that each feature value represented the percentage of signal within a certain range of spatial frequencies. Images that contained large relatively homogeneous areas would have high values for FFT features associated with lower spatial frequency rings. On the other hand, images with lots of smaller inhomogeneous areas would have higher values in the FFT features that corresponded to higher spatial frequency rings. The four spatial frequency parameters, together with the SGLDM features, created a 24-element feature vector for each region.
Classification algorithm
A classification software program was developed based on a Round Robin (Leave-One-Out) algorithm patterned after Manly (Manly, 1997) . The program uses a Mahalanobis distance classifier. Use of the Mahalanobis distance permitted the wide range of scales and distributions of the SGLDM and FFT features to be normalized, so that those features could be used in combination to classify the phantoms. Because of the large size of the feature pool, an unequalvariance student t-test method was used to rank the features. Five classification schemes were compared to determine which provided the highest correct classification rate. In most classification schemes, only seven features were used with the most significant differences between the two phantoms being compared (the 'top' features). The schemes used: (1) one texture feature from the top seven, (2) any two features from the top seven, (3) any three features from the top seven, (4) any combination of one through seven features of the top seven and (5) any combination of three of all 24 features (ignoring t-test results).
An example classification experiment is illustrated as follows. A comparison of the plain gelatin and the gelatin/microsphere (0.49 µm@2.5 million/ml) phantoms involves evaluating 400 regions for each phantom type. Using the second classification scheme listed above, the first of the 800 total regions was removed. The remaining 799 regions were used to determine which combination of two of the top seven features sorted the remaining 799 regions with the highest correct classification rate. This feature pair was used to classify the 'unknown' region to the group with the shortest Mahalanobis distance (Gossage et al 2003) . The region was then placed back into the pool and the next of the 800 regions was removed and the process repeated.
Results
Figures 2(a)-(d) show representative images from four of the gelatin/microsphere phantoms ((a), (b), (c) 500 million/ml concentration of 0.49 µm, 1.59 µm and 3.01 µm diameter microspheres, respectively, and (d) plain gelatin). Figures 3(a) -(c) present representative images from the three collagen/BAEC phantoms ((a) no cells, (b) 2.5 million/ml BAEC and (c) 25 million/ml BAEC). The horizontal lines delineate the portion of the image from which the 64 × 64 pixel regions were selected. Overall, the images appear relatively free of single pixel speckle and random noise. The images are dominated by multi-pixel speckle; as expected no image structures can be seen since the microspheres and cells are smaller than the OCT system resolution. Differences in mean intensity, contrast and possibly speckle size can be seen. At lower concentrations of the largest microsphere diameter, occasional bright dots were seen in the images (not shown) that may be a result of light backscattered from isolated microspheres. For the samples containing 0.49 µm diameter microspheres at all concentrations, and for all size microspheres at the lowest concentration (2.5 million/ml) the attenuation coefficient of the sample was very small and was dominated by µ t of gelatin, 0.027 mm −1 . For samples containing 1.59 µm diameter microspheres, µ t increased to 0.34 mm −1 at the largest concentration (500 million/ml), and for samples containing 3.01 µm diameter microspheres µ t was 4.2 mm −1 at this concentration. Only in this last case-the largest diameter and highest concentration of microspheres-was attenuation within the 0.25 mm deep analysed region significant. Table 2 lists the results of the five different classification schemes for all binary gelatin/microsphere tissue phantom comparisons. A slight trend is seen of increasing correct classification rates with each scheme (1 through 5), although overall there is no significant difference between the schemes. When analysing the collagen/BAEC phantoms, a slight trend of decreasing correct classification rates is seen between schemes 3 and 5 (not shown). Since schemes 4 and 5 are the most computationally intensive, scheme 3 (any combination of three of the top seven features) appears overall the most useful. Based on these results, scheme 3 was used to analyse the collagen/BAEC phantom images. Table 3 presents the correct classification rates for binary comparison of the three collagen/BAEC phantoms using scheme 3. For comparison, this table also reiterates the classification rates for microsphere/gelatin phantoms with microspheres of three different diameters, at the same concentration as the BAEC/collagen phantoms.
Entropy was the most commonly used feature in scheme-3 classification, selected 35% of the time. Fourier transform, energy and inertia were also used heavily, each with a selection incidence of approximately 19%. Local homogeneity was less commonly used (8%), and the correlation feature was never chosen. Feature values in general showed monotonic behaviour as the phantom parameters were changed (microsphere/BAEC concentration was increased or microsphere diameter was increased). Figure 4 plots an example feature value versus microsphere diameter and concentration computed for all microsphere/gelatin phantom regions. For each microsphere concentration, the local homogeneity at 45
• increases monotonically with increasing size of the microspheres.
Discussion
The student t-test results show that there is typically a highly significant difference ( p < 0.01) between each of the top seven features for any two phantoms. However, due to our large number of analysed regions, the p-value can be very small even with a trivial difference between the feature means. This may explain why a binary comparison can use seven or more features with highly statistically significant differences, yet the phantoms may only be correctly classified two thirds of the time. The fact that adding more features did not significantly improve the classification rate suggests that the features had a strong covariance, or that the distributions had similar separations between features.
Analysis of the individual features from the gelatin/microsphere data shows that the feature means had a typically monotonic change in value with increase in particle size (such as seen in figure 4 ). This trend was seen to be true across all concentrations, with occasional Table 2 . Classification results (% correct) for binary gelatin/microsphere gel comparisons. The column headings denote the type of classification scheme used. 7-1, 7-2 and 7-3: all possible combinations of 1, 2, or 3 of the top seven features, respectively. 7-ALL: all possible combinations of any number of the top seven features. 24-3: all possible combinations of 3 of all 24 features. normal from abnormal tissue types, by noting monotonic changes in the sizes and distributions of cellular constituents.
In the microsphere/gelatin phantom data, there is a clear improvement in correct classification of the size of the microspheres as the concentration of the microspheres increases (table 2) . This result is expected because the more scatterers in a sample, the more likely there will be multiple scatterers per volume element and thus speckle. Since our imaging system has a resolution volume of approximately 14 × 14 × 16 µm 3 , there are ∼319 million volume elements per ml in the gels. If the only scatterers in these gels are microspheres, then only gels with concentrations of 500 million/ml of microspheres will consistently contain speckle. However, images of plain gelatin still show speckle. Gelatin primarily consists of various molecular weight peptides of hydrolyzed collagen. These concentrated, yet extremely small, scatterers explain both gelatin's near transparency and presence of speckle pattern in OCT images. Modulation of the gelatin speckle pattern by light backscattered from one or more microspheres appears to cause differentiation of the set of texture features.
In the gelatin/microsphere phantoms, we also found that correct classification of the concentration of microspheres improved as the size of the microspheres increased (data not shown). While all of the microsphere sizes chosen for this experiment were well below the resolution of the system, the larger microspheres could appear as bright spots in the images. We believe the ability to see these 'structures' improves the success of the classification algorithm. Also, by increasing the size of the microspheres, but keeping the concentration constant, the likelihood of having multiple scatterers per volume element increases, perhaps causing greater alterations in the speckle pattern.
The results from table 3 (BAEC/collagen suspensions) show interesting behaviour when compared to the gelatin results. When looking at the results classifying plain collagen versus 2.5 or 25 million cells per ml collagen, it can be seen that the collagen/BAEC experiments had comparable or better results than the same concentration experiments performed with gelatin/microsphere phantoms. One explanation for this finding is that the collagen/BAEC phantoms are much more complex than the gelatin/microsphere phantoms. The addition of cells to a matrix introduces many more types and shapes of scattering structures (i.e. nucleus, cell walls, organelles) than does the addition of microspheres (which modelled the nucleus or mitochondria as a homogeneous sphere). Logically, the classification results improve with an increase in concentration difference. Thus 25 million/ml versus plain did better than 25 million/ml versus 2.5 million/ml, which in turn did better than 2.5 million/ml versus plain.
24 texture analysis features were computed for each region and the three features that provided the highest correct classification rate were selected by our software to classify each unknown sample. Despite the empirical nature of our analysis, examination of the changes in feature values with an increase in scatterer size or concentration in the microsphere/gelatin phantoms reveals interesting trends in speckle parameters. A notable increase in local homogeneity was observed as either scatterer concentration or size increased, conversely, a decrease was seen for inertia. This observation is in accordance with previous results from our group, which show that speckle contrast decreases as a function of the number of scatterers (Tkaczyk et al 2002) . Lowering of contrast may also explain changes in the FFT feature values. A large increase in the value of the lowest frequency FFT feature occurred with increasing scatterer size and concentration, whereas a decrease occurred for the second lowest FFT feature. The third and forth (the highest) FFT features contained only a small percentage of the total spatial frequency magnitude for any phantom. These results clearly indicate that low spatial frequency content increases with increase in scatterer size or concentration, which would be expected if image contrast decreased. The correlation feature value was similar for all phantoms and was never chosen by the classification program. The insensitivity of this feature may be due to the fact none of the images had regions of uniform grey-scale values (which would lead to high values of correlation). Entropy, which gives higher weight to images with random or irregular patterns, was chosen most frequently for classification and appears to be the most useful texture parameter in these studies. This result coincides well with the random irregular nature of the speckle seen in the OCT images of the tissue phantoms.
Conclusion
Even though our OCT system does not have cellular resolution, texture analysis shows promise in being able to quantify cellularity in tissue. Since the speckle size is a function of the resolution of the system, it may be possible to perform texture analysis of subcellular components using ultrahigh resolution OCT systems. These experiments show that many of the texture features evaluated vary with both size and concentration of scatterers in a sample in a generally monotonic fashion (e.g., figure 4). The classification algorithm achieved good to excellent results comparing biological and non-biological phantoms containing different sizes and concentrations of scatterers.
Despite being able to obtain promising classification results and seeing distinct trends with this image analysis technique, texture analysis of OCT images has its limitations. One such limitation is the change in speckle size with depth relative to the focal point. Previous work illustrated that speckle size in OCT is a function of the OCT system resolution (Tkaczyk et al 2002) . Therefore, the lateral speckle size is a function of the spot size of the beam, variations in which were minimized by using long depth of focus optics in the sample arm, and the axial speckle size is a function of the coherence length of the light, which is influenced by scattering and dispersion. Even in homogeneous samples of gelatin, the relative speckle size can be seen to change with depth (see figure 2) . This makes analysing inhomogeneous samples difficult because the changes in speckle based on tissue properties would need to be de-coupled from the speckle changes based on imaging depth. The focal point in our system was kept fixed with respect to the surface of the sample and all regions analysed came from the same depth in the image so that depth effects on speckle would be minimized. Another concern with this method is the effect of system parameters on speckle. As noted by others , the speckle characteristics vary with system parameters such as light spectrum and system numerical aperture. This means that a very stable system is required to perform any real-time based or repeated measurements. A solid plastic reference was used during the study. Images of the plastic were taken before each imaging session, and the speckle analysed, to ensure that the system parameters remained constant throughout the study. While texture analysis has its limitations, it has potential to help characterize tissue type or health in samples that may contain no apparent structural features in OCT images.
